The diffusion MRI signal arising from neurons can be numerically simulated by solving the Bloch-Torrey partial differential equation. In this paper we present the Neuron Module that we implemented within the Matlab-based diffusion MRI simulation toolbox SpinDoctor. SpinDoctor uses finite element discretization and adaptive time integration to solve the Bloch-Torrey partial differential equation for general diffusion-encoding sequences, at multiple b-values and in multiple diffusion directions.
Introduction
Diffusion magnetic resonance imaging is an imaging modality that can be used to probe the tissue micro-structure by encoding the incohorent motion of water molecules with magnetic field gradient pulses [1] [2] [3] . Using diffusion MRI to get tissue structural information in the mamalian brain has been the focus of much experimental and modeling work in recent years.
In terms of modeling, the predominant approach up to now has been adding the diffusion MRI signal from simple geometrical components and extracting model parameters of interest. Numerous biophysical models subdivide the tissue into compartments described by spheres (or ellipsoids), cylinders (or sticks), and the extra-cellular space. Such modeling work for the brain white matter can be found in [4] [5] [6] [7] and for the gray matter in [8] [9] [10] [11] [12] [13] . Some model parameters of interest include axon diameter and orientation, neurite density, dendrite structure, the volume fraction and size distribution of cylinder and sphere components and the effective diffusion coefficient or tensor of the extra-cellular space. More sophisticated mathematical models based on perturbations the intrinsic diffusion coefficient and homogenization can be found in [14, 15] and the references contained therein.
Numerical simulations can help deepen the understanding of the relationship between the cellular structure and the diffusion MRI signal and can play a significant role in the formulation and validation of appropriate models in order to answer the relevant biological questions. Some recent works that included numerical simulations of the diffusion MRI signal as part of model validation includes [16, 17] . They also can be used to investigate the effect of different pulse sequences and tissue features on the measured signal which can be used for the development, testing, and optimization of novel MRI pulse sequences, we refer to, for example, the work in [18] [19] [20] [21] . In fact, given the recent availability of vastly powerful computational resources and computer memory, simulation frameworks have been began increasingly to be directly used as the model for tissue parameter estimation [12, 22] .
Two main groups of approaches to the numerical simulation of diffusion MRI are 1) using random walkers to mimic the diffusion process in a geometrical configuration; 2) solving the Bloch-Torrey partial differential equation, which describes the evolution of the complex transverse water proton magnetization under the influence of diffusion-encoding magnetic field gradients pulses.
The first group is referred to as Monte-Carlo simulations in the literature and previous works include [12, [23] [24] [25] [26] . A GPU-based acceleration of Monte-Carlo simulation was proposed in [27, 28] . Some software packages using this approach include 1. Camino Diffusion MRI Toolkit developed at UCL (http://cmic.cs.ucl.ac.uk/camino/); 2. DIFSIM developed at UC San Diego (http://csci.ucsd.edu/projects/simulation.html); 3. Diffusion Microscopist Simulator [24] developed at Neurospin, CEA. The works on model formulation and validation for brain tissue diffusion MRI cited above [12, [16] [17] [18] [19] [20] [21] [22] all used Monte-Carlo simulations.
The second group of simulations, which up to now has been less often used in diffusion MRI, relies on solving the Bloch-Torrey partial differential equation (PDE) in a geometrical configuration. Numerical methods to solve the Bloch-Torrey equation with arbitrary temporal profiles have been proposed in [29] [30] [31] [32] . The computational domain is discretized either by a Cartesian grid [29, 30, 33] or finite elements [31, 32, [34] [35] [36] . The unstructured mesh of a finite element discretization appeared to be better than a Cartesian grid in both geometry description and signal approximation [31] . For time discretization, both explicit and implicit methods have been used. The efficiency of diffusion MRI simulations is also improved by either a high-performance FEM computing framework [37, 38] for large-scale simulations on supercomputers or a discretization on manifolds for thinlayer and thin-tube media [39] . This simulation group could be seamlessly integrated with Cloud computing resources such as Google Colaboratory notebooks working on a web browser or with Google Cloud Platform with MPI parallelization [40] . Our previous work in PDE-based neuron simulations includes the simulation of neuronal dendrites using a tree model [41] and (using the techniques we introduce in this work) the demonstration that diffusion MRI signals reflect the cellular organization of cortical gray matter, these signals being sensitive to cell size and the presence of large neurons such as the spindle (von Economo) neurons [42, 43] .
In a recent paper [44] , we presented a MATLAB Toolbox called SpinDoctor that is a diffusion MRI simulation pipeline based on solving the Bloch-Torrey PDE using finite elements and an adaptive time stepping method. That first version of SpinDoctor focused on the brain white matter. It provides the following built-in functionalities:
1. placement of non-overlapping spherical cells (with an optional nucleus) of different radii close to each other; 2. placement of non-overlapping cylindrical cells (with an optional myelin layer) of different radii close to each other in a canonical configuration where they are parallel to the z-axis; 3. inclusion of an extra-cellular space that is enclosed either (a) in a tight wrapping around the cells; or (b) in a rectangular box; 4. deformation of the canonical configuration by bending and twisting; and uses the following methods:
1. it generates a good quality surface triangulation of the user specified geometrical configuration by calling built-in MATLAB computational geometry functions; 2. it creates a good quality tetrehedra finite elements mesh from the above surface triangulation by calling Tetgen [45] , an external package (executable files are included in the Toolbox package); 3. it constructs finite element matrices for linear finite elements on tetrahedra (P1) using routines from [46] ; 4. it adds additional degrees of freedom on the compartment interfaces to allow permeability conditions for the Bloch-Torrey PDE using the formalism in [47] ; 5. it solves the semi-discretized FEM equations by calling built-in MATLAB routines for solving ordinary differential equations.
It was shown in [44] that at equivalent accuracy, SpinDoctor simulations of the extra-cellular space in the white matter is 100 times faster than the Monte-Carlo based simulations of Camino (http://cmic.cs.ucl.ac.uk/camino/), and SpinDoctor simulations of a neuronal dendrite tree is 400 times faster than Camino. We refer the reader to [44] for the numerical validation of SpinDoctor simulations with regard to membrane permeability as well as extensions to non-standard pulse sequences and the incorporation of transverse relaxation.
In this paper, we present a new module of SpinDoctor called the Neuron Module that enables neuron simulations for a group of 36 pyramidal neurons and a group of 29 spindle neurons whose morphological descriptions were found in the publicly available neuron repository NeuroMorpho.Org [48] . The key to making accurate simulation possible is the use of high quality meshes for the neurons. For this, we used licensed software from ANSA-BETA CEA Systems [49] to correct and improve the quality of the geometrical descriptions of the neurons. After processing, we produced good quality finite elements meshes for the 65 neurons. These finite elements meshes range from having 15163 nodes to 622553 nodes. They are used as input meshes in the Neuron Module, where they can be further refined if required using the built-in option in SpinDoctor. Currently, the simulations in the Neuron Module enforce homogeneous Neumann boundary conditions, meaning the spin exchange across the cell membrane is assumed to be negligible.
A recent direction for facilitating Monte-Carlo simulations is the generation of geometrical meshes that aim to produce ultra-realistic virtual tissues, see [50, 51] . Our work is similar in spirit, with a first step being providing high quality meshes of realistic neurons for finite elements simulations. Through the Neuron Module, the neuron finite element meshes can be seamlessly coupled with the functionalities of SpinDoctor to provide the diffusion MRI signal attributable to spins inside neurons for general diffusion-encoding sequences, at multiple diffusion-encoding gradient amplitudes and directions.
Theory
Suppose the user would like to simulate the diffusion MRI signal due to spins inside a neuron, and assume that the spin exchange across the cell membrane is negligible for the requested simulations.
Let Ω be the 3 dimensional domain that describes the geometry of the neuron of interest and let Γ = ∂Ω be the neuron cell membrane.
Bloch-Torrey PDE
In diffusion MRI, a time-varying magnetic field gradient is applied to the tissue to encode water diffusion. Denoting the effective time profile of the diffusion-encoding magnetic field gradient by f (t), and let the vector g contain the amplitude and direction information of the magnetic field gradient, the complex transverse water proton magnetization in the rotating frame satisfies the Bloch-Torrey PDE:
where γ = 2.67513×10 8 rad s −1 T −1 is the gyromagnetic ratio of the water proton, I is the imaginary unit, D 0 is the intrinsic diffusion coefficient in the neuron compartment Ω. The magnetization is a function of position x and time t, and depends on the diffusion gradient vector g and the time profile f (t).
Some commonly used time profiles (diffusion-encoding sequences) are:
1. The pulsed-gradient spin echo (PGSE) [2] sequence, with two rectangular pulses of duration δ, separated by a time interval ∆ − δ, for which the profile f (t) is
where t 1 is the starting time of the first gradient pulse with t 1 + ∆ > T E /2, T E is the echo time at which the signal is measured. 2. The oscillating gradient spin echo (OGSE) sequence [52, 53] was introduced to reach short diffusion times. An OGSE sequence usually consists of two oscillating pulses of duration σ, each containing n periods, hence the frequency is ω = n 2π σ , separated by a time interval τ − σ. For a cosine OGSE, the profile f (t) is
where τ = T E /2.
The PDE needs to be supplemented by interface conditions. For the neuron simulations within the Neuron Module, we assume negligible membrane permeabilty, meaning zero Neumann boundary conditions:
where n is the unit outward pointing normal vector. The PDE also needs initial conditions:
where ρ is the initial spin density.
The diffusion MRI signal is measured at echo time t = T E > ∆ + δ for PGSE and T E > 2D 0 for OGSE. This signal is the integral of M (x, T E ):
In a dMRI experiment, the pulse sequence (time profile f (t)) is usually fixed, while g is varied in amplitude (and possibly also in direction). The signal S is plotted against a quantity called the b-value. The b-value depends on g and f (t) and is defined as
For the cosine OGSE with integer number of periods n in each of the two durations σ, the corresponding b-value is [29] :
The reason for these definitions is that in a homogeneous medium, the signal attenuation is e −D0b , where D 0 is the intrinsic diffusion coefficient.
Method

Constructing finite element meshes of neurons
In the current version of the Neuron Module, we focus on a group of 36 pyramidal neurons and a group of 29 spindle neurons found in the anterior frontal insula (aFI) and the anterior cingulate cortex (ACC) of the neocortex of the human brain. These neurons constitute, respectively, the most common and the largest neuron types in the human brain [54, 55] . They share some morphological similarities such as having a single soma and dendrites branching on opposite sides. This group consists of 20 neurons for each type in the aFI, as well as 9 spindles and 16 pyramidals in the ACC.
We started with the morphological reconstructions (SWC files) published in NeuroMorpho.Org [48] , the largest collection of publicly accessible 3D neuronal reconstructions. These surface descriptions of the neurons cannot be used directly by SpinDoctor to generate finite elements meshes since they contain many self-intersections and proximities (see Figure 1 , left). We used licensed software from ANSA-BETA CEA Systems [49] to manually correct and improve the quality of the neuron surface descriptions and produced new surface triangulations (see Figure 1 , right) that are ready to be used for finite elements mesh generation. The new surface triangulations are passed into the software GMSH [56] to obtain volume tetrahedral meshes. [48] which contains many self-intersections and proximities; it cannot be used for finite elements mesh generation. Right: a new surface trianguation that fixes the self-intersections and proximities; it is ready to be used for finite elements mesh generation.
In Figure 2 we summarize the pipeline that takes the SWC format files from NeuroMorpho.Org [48] to the volume tetrahedral meshes in the MSH format that the users of the Neuron Module will take as the input geometrical description to SpinDoctor. This pipeline is provided here for informational purposes, it is not needed to run diffusion MRI simulations in the Neuron Module. Figure 2 : The SWC files from NeuroMorpho.Org [48] are converted to the STL mesh format by using swc2vtk [57] and vtk2stl. Then ANSA was used to generate watertight surface and volume meshes of the STL meshes whose output is in the NAS format. Finally, the NAS files were converted to volume tetrahedral meshes in the MSH format by the software GMSH [56] .
To further study the diffusion MRI signal of neurons, we broke the neurons into disjoint geometrical components: namely, the soma and the dendrite branches. We manually rotated the volume tetrahedral mesh of a whole neuron so that upon visual inspection it lies as much as possible in the x − y plane. In this orientation, we cut the volume tetrahedral mesh into sub-meshes of the soma and the dendrite branches. As an illustration, we show in Figure 3 the spindle neuron 03a spindle2aFI volume tetrahedral mesh broken into sub-meshes of the soma and the two dendrite branches. Figure 3 : The volume tetrahedral mesh of the spindle neuron 03a spindle2aFI is broken into three geometrical components: the soma and two dendrite branches.
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The complete set of the volume tetrahedral meshes of the whole neurons as well as the corresponding soma and dendrite branches for the 36 pyramidal neurons and the 29 spindle neurons are publicly available at https://github.com/van-dang/RealNeuronMeshes
The names and sizes of the finite elements meshes of the 65 neurons is listed in Appendix A.
Diffusion MRI simulations using SpinDoctor and the Neuron Module
SpinDoctor [44] is a MATLAB-based diffusion MRI simulation toolbox. The Neuron Module takes the neuron volume tetrahedral meshes as the descriptions of the neurons and calls SpinDoctor routines to performs dMRI simulations on them. The finite elements mesh package Tetgen [45] contained in the release of SpinDoctor and the Neuron Module is used to refine the input volume tetrahedral meshes, if desired.
Information about running diffusion MRI simulations using the functionalities of SpinDoctor within the Neuron Module can be found in Appendix B.
The documentation of both SpinDoctor and the Neuron Module are available at https://github.com/jingrebeccali/SpinDoctor.
Numerical results
Validation
In this section, we validate our simulations by refining in space (making the finite elements smaller) and refining in time (decreasing the error tolerance of the ODE solver). The accuracy of the simulations was tuned using the following three simulation parameters:
1. Htetgen controls the finite element mesh size; (a) Htetgen = −1 means the FE mesh size is determined automatically by the internal algorithm of Tetgen to ensure a good quality mesh (subject to the constraint that the radius to edge ratio of tetrahedra is no larger than 2.0). (b) Htetgen = h requests a desired FE mesh tetrahedra height of h µm (in later versions of Tetgen, this parameter has been changed to the desired volume of the tetrahedra). 2. rtol controls the accuracy of the ODE solve. It is the relative residual tolerance at all points of the FE mesh at each time step of the ODE solve; 3. atol controls the accuracy of the ODE solve. It is the absolute residual tolerance at all points of the FE mesh at each time step of the ODE solve;
We ran the following three simulations with the simulation parameters:
1. rtol = 10 −2 , atol = 10 −4 , Htetgen = −1; 2. rtol = 10 −3 , atol = 10 −6 , Htetgen = −1; 3. rtol = 10 −3 , atol = 10 −6 , Htetgen = 0.2; This simulation serves as the reference solution.
The diffusion MRI experimental parameters are the following:
• the diffusion coefficient is 2 × 10 −3 mm 2 /s;
• the diffusion-encoding sequence is PGSE (δ = 10ms, ∆ = 13ms);
• the b-values are b = {0, 1000, 4000} s/mm 2 ;
• 11 gradient directions were simulated, they are uniformly distributed on the unit sphere; The simulations were performed on the pyramidal neuron 25o pyramidal18aFI ( Figure 4 ).
In Figure 5 we show the signal differences (in percent) between the first two simulations and the third simulation which serves as the reference solution, normalized by the reference signal at b = 0:
The finite elements mesh for the first two simulations contains 71209 nodes and 300698 elements. The finite elements mesh for reference signal contains 126108 nodes and 534981 elements. We see that the signal difference is less than 2.5% for b = 4000 s/mm 2 and less than 1% for b = 1000 s/mm 2 when the simulation parameters are: rtol = 10 −2 , atol = 10 −4 , Htetgen = −1.
We will choose the above set of simulation parameters for the later simulations unless otherwise noted. 
High Angular Resolution Diffusion Imaging simulations
Diffusion directions distributed in three dimensions
In Figure 6 we show High Angular Resolution Diffusion Imaging (HARDI) simulation results of the spindle neuron 03a spindle2aFI, the number of finite elements nodes and elements for the neuron are 38202 and 133422, respectively. The simulations were performed in 301 directions uniformly distributed in the unit sphere. The diffusion MRI signals are obtained by calling the BTPDE HARDI function in SpinDoctor. We plot ( Figure 6 ) the signal attenuation
in the 301 directions for b = 1000 s/mm 2 and b = 4000 s/mm 2 . We see the signal attenuation shape in these 301 directions is ellipsoid at the lower b-value and the shape becomes more complicated at the larger b-value. At b = 4000 s/mm 2 , there is more signal attenuation at the shorter diffusion time than at the higher diffusion time. 
Diffusion directions distributed in two dimensions
We generated 90 diffusion directions uniformly distributed on the unit circle lying on the x − y plane and computed the diffusion MRI signals in these 90 directions for three sequences:
• PGSE (δ = 2.5ms, ∆ = 5ms);
• PGSE (δ = 10ms, ∆ = 43ms);
• PGSE (δ = 10ms, ∆ = 433ms);
For the whole neuron and the dendrite branches, the following simulation parameters were used: rtol = 10 −2 , atol = 10 −4 , Htetgen = −1.
For the soma, the the following simulation parameters were used: rtol = 10 −3 , atol = 10 −6 , Htetgen = 0.1.
The requested finite elements size was determined under the condition that the signal is computed to within an accuracy of 5%.
The results for the spindle neuron 03a spindle2aFI are shown in Figure 7 . We plot the nonnormalized dMRI signals in the 90 diffusion directions on the x − y plane. The signals are not normalized by the value at b = 0 in order to show the influence of the volume fractions of the soma and the dendrite branches. The finite elements mesh of the geometry simulated is superimposed on the plots.
By visual inspection, the signals in the whole neuron are close to the volume weighted sums of the signals from the three geometrical components (the soma, the upper dendrite branch and the lower dendrite branch). It can be seen that the dendrite branch dMRI signals shape is more like an ellipse at b = 1000 s/mm 2 , whereas at b = 4000 s/mm 2 the shape is non-convex. The signal shape of the soma is like ellipse for both b-values at the 3 diffusion times shown. At the two shorter diffusion times, the signal magnitudes at b = 4000 s/mm 2 is much reduced with respect to the magnitude at b = 1000 s/mm 2 , in contrast to the dendrite branches, where the difference in the signal magnitudes between the two b-values is not nearly as significant. We simulated another spindle neuron, 03b spindle4aACC, and the diffusion MRI signals in 90 directions are shown in Figure 8 . In this example, the signal shapes of the dendrite branches are qualitatively similar to the previous neuron. For the soma, at the medium diffusion time, there is not the large reduction in the signal magnitude between b = 1000 s/mm 2 and b = 4000 s/mm 2 that occurred for the previous neuron, and at b = 4000 s/mm 2 , the shape is not an ellipse like for the previous neuron. Because the soma has a coarser discretization than the dendrites and the whole neuron, the attenuation signal is not as smooth as for the other two types of geometries. However, we see that at the shortest diffusion time, the large reduction in signal magnitude between b = 1000 s/mm 2 and b = 4000 s/mm 2 does occur, as for the previous neuron. Finally, in Figure 9 we compare the diffusion MRI signals due to two different dendrite branches, one from 04b spindle3aFI and one from 03b spindle7aACC. The first branch has a single main trunk whereas the second branch divides into two main trunks. We see at the higher b-value b = 4000 s/mm 2 , at the longest diffusion time, the signal shape is more elongated (perpendicular to the main trunk direction) for the first dendrite branch than the second. Figure 9 : The diffusion MRI signals in 90 directions lying on the x − y plane, uniformly distributed on the unit circle. Left: a dendrite branch from 04b spindle3aFI, the volume of the dendrite branch is 3700 µm 3 , the finite elements mesh contains 46857 nodes and 213338 elements. Right: a dendrite branch from 03b spindle7aACC, the volume of the dendrite branch is 718 µm 3 , the finite elements mesh contains 12389 nodes and 45072 elements. The signals are not normalized by the value at b = 0 in order to show the influence of the volumes of the geometrical components. The signal attenuation is scaled by the volume of each geometrical model. The finite elements mesh of the simulated geometry is scaled so that it fits entirely onto the plots and then the mesh is superimposed on the signal attenuation plots. The simulated sequences are: Simul 1 = PGSE (δ = 2.5ms, ∆ = 5ms), Simul 2 = PGSE (δ = 10ms, ∆ = 43ms), Simul 3 = PGSE (δ = 10ms, ∆ = 433ms). The b-values are b = 1000 s/mm 2 and 4000 s/mm 2 . The diffusion coefficient is 2 × 10 −3 mm 2 /s.
High b-value behavior
In [17] it was shown experimentally that the diffusion MRI signal of tubular structures such as axons exhibit a certain high b-value behavior, namely, the diffusion direction averaged signal, S ave (b), is linear in 1 √ b at high b-values:
Because the dendrites of neurons also have a tubular structure, we test whether the diffusion direction averaged signal, S ave (b), of dendrite branches also exhibit the above high b-value behavior.
We computed S ave (b) for two whole neurons as well as their associated dendrite branches (each neuron has two dendrite branches), averaged over 31 diffusion directions uniformly distributed in three dimensions. The results are shown in Figure 10 . We see clearly the linear relationship between S ave (b) and 1 
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Discussion
In a previous publication [44] , SpinDoctor, a MATLAB-based diffusion MRI simulation toolbox, was presented. SpinDoctor allows the easy construction of multiple compartment models of the brain white matter, with the possibility of coupling water diffusion between the geometrical compartments by permeable membranes. In [44] , in addition to white matter simulations, SpinDoctor's ability to import and use externally generated meshes provided by the user was illustrated with a neuronal dendrite branch simulation. This capability is expected to be very useful given the most recent developments in simulating ultra-realistic virtual tissues, typified by recent work such as [50, 51] , which was meant to facilitate Monte-Carlo type simulations. In [44] , the accuracy and computational time of SpinDoctor simulations were compared with Monte-Carlo simulations using Camino. It was shown that SpinDoctor offered a 400 times speed-up over Monte-Carlo based simulations in the neuronal dendrite tree. To compute the diffusion MRI signal at 8 b-values: b = {0, 100, 500, 1000, 2000, 3000, 6000, 10000} s/mm 2 , SpinDoctor took 109 seconds (using 24651 finite elements nodes), compared to 43918 seconds (using 4000 particles) of Camino. All the simulations were performed on a server computer with 12 processors (Intel (R) Xeon (R) E5-2667 @2.90 GHz), 192 GB of RAM, running CentOS 7. SpinDoctor was run using MATLAB R2019a.
In order to enrich the publicly available geometrical meshes that can be used for diffusion MRI simulations, we implemented the Neuron Module inside SpinDoctor. We have created high quality volume tetrahedral meshes for a group of 36 pyramidal neurons and a group of 29 spindle neurons.
In the current paper, we validated the accuracy and gave the computational times of some typical neuron simulations.
We illustrated the usefulness of the Neuron Module in providing simulated HARDI signals at various b-values and diffusion times. In addition to calculating the HARDI signals from whole neurons, we also simulated the HARDI signals of neuron components such as the soma and the dendrite branches. In particular, we compared the high b-value behavior of the diffusion MRI signals from dendrite branches and from whole neurons, confirming the linear relationship between the diffusion direction averaged signal and 1 √ b for tubular structures. In summary, we believe our work can add substantially to the understanding of the imaging of neuronal microstructure (neurite density, neurite orientation dispersion, neuronal morphology) [8, 9, 12, 13, [58] [59] [60] . Our work sets the stage for a systematic study of the diffusion MRI signal from different types of neurons by the diffusion MRI community (for preliminary results, see [42, 43] ). We hope this work contributes to further understanding of the relationship between cell morphology and the resulting diffusion MRI signal and aids in better signal model formulation in the future. If there is sufficient interest from the modeling community, we may add finite elements meshes of other neurons in the future. In Appendix A we list the names and the finite element mesh sizes of the group of 36 pyramidal neurons and the group of 29 spindle neurons and the morphological characteristics of the neurons. A few of the neuron meshes are plotted there.
As this time, we have not implemented the Neuron Module for coupled compartments linked by permeable membranes. Rather, the diffusion MRI signal is computed with zero permeability on the compartment boundaries. The current emphasis of the Neuron Module is to show how the geometrical structure of the neurons affect the diffusion MRI signal. Thus, some of the input parameters related to multiple compartment models in SpinDoctor are not applicable in the current version of the Neuron Module. However, we have kept the exactly same input file formats as SpinDoctor in anticipation of the future developement of the Neuron Module for permeable membranes. The complete set of the volume tetrahedral meshes for the group of 36 pyramidal neurons and the group of 29 spindle neurons are publicly available at: https://github.com/van-dang/RealNeuronMeshes
Conclusion
We presented the Neuron Module that we implemented in the Matlab-based diffusion MRI simulation toolbox SpinDoctor. We constructed high quality volume tetrahedral meshes for a group of 36 pyramidal neurons and a group of 29 spindle neurons. Using the Neuron Module, the neuron volume tetrahedral meshes can be seamlessly coupled with the functionalities of SpinDoctor to provide the diffusion MRI signal attributable to spins inside neurons for general diffusion-encoding sequences, at multiple diffusion-encoding gradient amplitudes and directions. As an illustration, in Figure A Read simulation domain parameters The user provides an input file for the simulation domain parameters, in the format described in 
Read experimental parameters
The user provides an input file for the simulation experimental parameters, in the format described in Table B 
Example Output Figures from Neuron Module
Below we display figures from the functions PLOT FEMESH, PLOT PDESOLUTION, PLOT SIGNAL, PLOT SIGNAL HARDI. The geometrical configuration is the spindle neuron 03b spindle6aFI. The intrinsic diffusion coefficient is set to D 0 = 2 × 10 −3 mm 2 /s, with nonpermeable membrane. We simulated 2 diffusion-encoding sequences: Experiment 1: f 1 is PGSE (δ = 10.6ms, ∆ = 13ms), Experiment 2: f 2 is PGSE (δ = 10.6ms, ∆ = 73ms). 
